Abstract-Electric discharge machining current causes a significant amount of damage to bearings, producing pits in the rotating elements of the bearing, and ultimately leading to bearing failure. Although this relationship is well known and studied, little work has been done to relate bearing current discharge events to bearing vibrations for bearing failure prognosis. This paper proposes both experimental and computational approaches for remaining useful life (RUL) estimation of bearings by taking advantage of the relationship between current discharge events and the vibration signal. A test bed, which induces accelerated aging via applied electrical stress, is introduced to better understand the relationship between bearing currents, vibrations, and failure. Over the course of the experiments, multiple sensor data are collected from start to failure in order to correlate current data as well as vibration data to bearing failure. Finally, a computational framework that determines critical events from the current discharge events and uses the timing of these events to estimate RUL from vibration data is proposed.
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I. INTRODUCTION
M ORE than 50% of motor failures are due to ball bearings. As such, the area of bearing fault diagnosis and prognosis has attracted a lot of attention in recent years [1] , [2] . There are various causes that lead to bearing failure including overheating, excessive axial and radial loads, and electrical stress such as the presence of bearing currents [3] . All of these factors can contribute to the acceleration of a bearing's degradation during normal motor operation. There have been many studies on the effect of temperature and loads on bearing failure. In [4] , an experimental setup was constructed in order to determine the relationship between axial loads and the lubricating film between the tribological surfaces of deep groove ball bearings at different speeds. However, much less work has been done on relating bearing currents and electrical stress to bearing failure. In [5] , an extensive study was conducted on the effects of electrical stress on bearing impedance, but this paper does not include fault prognosis. It is important to study all contributors to bearing failure in order to perform accurate bearing fault diagnosis and prognosis. Effective prognosis allows users to plan maintenance to fix or remove the affected bearing, thus, reducing system downtime and increasing safety and reliability. This paper determines the effect of electrical stress on bearings, which has not been thoroughly studied, to gain a better understanding of the bearing degradation process and to use it for remaining useful life (RUL) estimation. The goal of this paper is to introduce an experimental and computational framework to first identify the relationship between bearing current discharge events and the evolution of the vibration signal across time and then to take advantage of this knowledge to obtain more reliable RUL estimates.
Electrical stress induced on bearings comes from the use of inverters. Over the years, the use of variable frequency drives to control electrical machines has grown due to their capability of saving energy [6] . However, the use of the inverter induces a voltage on the motor shaft, causing bearing currents to flow [6] - [9] . The most damaging type of these currents is electric discharge machining (EDM) and its effects on bearings have been recognized as a problem for many years [10] - [12] . Since these currents cannot be directly measured during normal motor operation [8] , several studies have been conducted to indirectly detect or measure bearing currents. In [13] , a probability model for the presence of EDM currents, based on bearing geometry and motor operating conditions, was constructed. Furthermore, in order to observe the effects of EDM currents, several test rigs were constructed in recent years. In [14] , a test rig was constructed to explore the link between bearing vibrations and inverter-induced bearing damage. This paper used an RF antenna to detect the current discharges indirectly. Yet another test bed involving bearing currents is found in [6] , in which the damage of a bearing due to a single current pulse was examined. Through these works, it was shown that EDM currents occur randomly. Also, it was shown that the energy from a single pulse can be effectively dispersed throughout the bearing causing insignificant damage. Only multiple discharge events occurring over a short period of time have the capability to cause high stresses on bearings, causing significant damage [8] , [9] , [15] .
Although much work has been done to use bearing vibrations to determine bearing failure, less work has been done to use other types of signals such as current or voltage. The current state-of-the art in determining the lifetime or condition of a bearing is vibration analysis [16] , [17] . This approach is based on spectral analysis of the vibration data, which searches for the most likely frequencies present in vibration data based on the bearing's geometry. This analysis is used to determine a bearing fault as well as distinguish between the different possible fault locations, such as the inner race, outer race, etc. It can also be used as an early warning detection method. The shortcoming of vibration analysis is that bearing vibration data is often noisy, which leads to a complicated frequency spectrum, and thus, difficult in analyzing the data. In [16] , wavelet filtering is used to extract bearing characteristic frequency information from noisy vibration data, however, this approach only provides early warning and not prognosis. Bearing vibrations have been used for RUL estimation, but much less work has used the characteristic bearing frequencies extracted from vibration analysis as features. In [17] , particle filtering was used to track bear- ing vibration features extracted from recurrence quantification analysis across time. However, the major disadvantage of using vibrations for bearing fault classification and RUL estimation is that there is little to no significant information present in the vibrations in the early stages of the run. As the bearing degrades, the vibrations finally start to show significant changes, which can be used for accurate RUL estimations. There is also a significant noise in bearing vibration readings due to other components in the motor that cannot always be separated out, especially at the beginning stages of the run of a bearing. This paper focuses on determining the relationship between bearing current and bearing failure in order to exploit this relationship for more accurate RUL estimation. Since bearing currents are a cause of bearing failure and not an effect, tracking bearing currents over time can provide information about an impending failure before significant changes occur in the vibration data. In particular, it is seen that the energy of the vibration signal grows exponentially after a large influx of bearing discharge events. This phenomenon shows that bearing currents can provide an early warning to an imminent failure before there is a significant change in the bearing characteristic frequencies used in bearing vibration analysis. This paper proposes a novel approach that first detects the current discharge events from the current sensor and then identifies critical events during the lifetime of the bearing. These critical events are then used to determine the starting point of RUL estimation from vibration data. In this manner, the dependence of RUL estimation on early noisy bearing data is eliminated, the computational complexity of estimation is reduced and the accuracy of prognosis is increased.
II. BACKGROUND

A. Bearing Damage due to Electric Stress
EDM currents occur when a high voltage across the bearing breaks down the lubrication film surrounding the rotating elements (see Fig. 1 ). The result is a current discharge event between the outer and inner races of the bearing. These discharge events carry enough energy to cause pits and craters on the balls and the raceways of the bearing. These craters eventually lead to fluting (see Fig. 2 ), which is when the asymmetry in the rotating elements caused by the craters leads to the balls digging deep grooves on the bearing raceways, and the life of the bearing becomes significantly reduced [14] , [18] .
B. Bearing Electric Load States
Due to the intrinsic properties of bearings, previously discussed, there are three probable states a bearing can reach under voltage stress [19] . Those states are shown in Fig. 3 , with insulated, discharge, and ohmic in Fig. 3 (a), (b), and (c), respectively. The first state, referred to as insulated, is when the bearing acts as a capacitor and allows no current to flow. This occurs when there is sufficient amount of lubrication separating the balls and the races. The second state, referred to as discharge, occurs when there is a breakdown in the previously capacitive state, causing the bearing capacitor to discharge, creating an influx of current. The third state, or ohmic state, is when the current flowing through the bearing follows the trend of the shaft voltage. The bearing is purely resistive in this state, due to metal-to-metal contact between the balls and the races or conducting lubrication grease.
C. Bearing Characteristic Frequencies
Due to the nature of the rotating elements of bearings, specific frequencies have been shown to be present in frequency analysis of bearing vibrations. These bearing characteristic frequencies are calculated from the geometry of the bearing and are given Rotating element spin freq.
in Table I , where d is the diameter of the rolling elements, D is the pitch circle diameter, Z is the number of rolling elements, and α is the contact angle. These equations are only valid if the rotating elements do not exhibit any sliding, which is usually not the case in most applications [20] .
D. Extended Kalman Filtering
Kalman filtering is an iterative algorithm that attempts to estimate the state of a system based on some observations. It has been successfully implemented in applications involving navigation, online system identification and tracking, as well as fault prognosis [21] - [25] . Limitations arise in Kalman filtering because it requires a linear model with additive Gaussian noise in the measurements. Since most real-world systems are nonlinear, this approach is not always adequate. Extended Kalman filtering (EKF) offers a solution to this deficiency by assuming nonlinear system dynamics, which is more suitable to real-life applications. In the EKF, the state transition and observation models are given by
and
respectively, where x k is the state being estimated, f is a nonlinear function of states, h is a measurement function, which is also a nonlinear function of states, u k is the input, z k is the measurement at time sample k, w k and v k are both zero mean Gaussian noise with covariance matrices Q k and R k , respectively. Once f and h have been established, they must be locally linearized around the estimated state, by calculating their respective Jacobian, producing the matrices F and H, respectively. If the state transition model is defined through a continuous-time state equation of the form dx/dt = Ax(t) + Lw(t), where A and L are matrices, which characterize the model, x is the state vector, and w is white Gaussian noise with power spectral density Q c , then it must be discretized using F k = e Aδt k , where δt k is the time-step, to find the state transition matrix, F. The matrix L is used to calculate Q k , given by
dτ . The first step of the EKF is the prediction step, in which the state estimatex k and error covariance matrixP k are predicted usingx
assuming there is no input. Once a measurement is received, the EKF is then updated by considering the amount of error between the predicted and measurement value using
where K k is the Kalman gain. The complication of using the EKF is that it has the tendency to diverge, due to noisy measurements used to estimate the state. Therefore, careful consideration must be taken in the choice of the initial estimatex 0 and uncertainty matrix P 0 for optimal convergence. Users may have some a priori knowledge in choosing a suitable initial state estimate, but if there is no a priori knowledge on the error, the initial uncertainty matrix can be chosen empirically [26] , [27] .
III. METHODOLGY
A. Experimental Setup
In this paper, a platform to accelerate the aging process of a bearing, by applying a voltage to the bearing shaft, is constructed. The applied voltage is designed to emulate the common mode voltage from an inverter-driven motor, thus, allowing EDM currents to flow through the bearing. The experiment is set up as follows. First, the platform is constructed to increase the probability of observing severely damaging bearing current discharge events. This worst case scenario for bearing operation includes applying a high dv/dt, square-wave voltage to the bearing shaft with no load attached and at high speed [11] . Second, vibration, current, and temperature data are acquired from the start of the run until the bearing reaches failure. These data are then analyzed to determine the relationship between bearing current and vibration.
The experimental procedure in this test bed exhibits the accelerated degradation of a bearing by inducing a current through its races. The induced bearing current produces an electrical stress on the bearing causing a breakdown in the lubrication film surrounding the balls in the ball bearing. This accelerated bearing degradation platform includes an IronHorse MTR-P50-3BD18, which is a three-phase induction machine, rated at 1800 r/min and 1/2 hp. The induction machine is connected to a pillow block bearing via several couplings. First, the induction machine is electrically isolated from the bearing shaft via a nylon shaft coupling. Second, the insulated piece of the shaft is then coupled to a copper tube or bearing shaft, via a high-speed bellows flexible shaft coupling. Finally, the bearing is fit on to the copper tube with no load attached to the bearing shaft. This is to ensure that damage to the bearing is only done through bearing currents. Brushes are placed on the bearing shaft in order to provide a contact point to apply a voltage. An overview of the setup is shown in Fig. 4 . A voltage is applied to the shaft from the bearing inner race to outer race using a voltage buffer amplifier circuit. This shaft voltage is a 20 Vpp pulse with a 50 kHz frequency. The induction machine is run at 2400 r/min. Three types of sensors are placed on and around the bearing pillow block to obtain information about the bearing from start to failure: temperature, vibration, and current. The temperature is measured using a T-type thermocouple and is placed in close proximity to the bearing outer race. Temperature is sampled every 10 min at a sampling rate of 1 Hz for 1 s due to the fact that temperature has a slow rate of change. The vibrations are captured using two Monarch AC140-1D accelerometers, placed on the vertical and horizontal axes of the bearing pillow block. Vibration measurements are sampled every 10 min, with a sampling frequency of 20 kHz for a duration of 0.1 s. Both the vibration and temperature data are recorded using a NI-6229 DAQ card connected to a computer, using Labview as an interface.
The current flowing through the bearing is measured by a Pearson CT-4100 current transducer. The current signal is sampled using an NI-6259 DAQ card connected to a computer, with Labview as the interface. The shaft voltage is applied at 50-kHz frequency and the current is sampled at 1.2 MHz continuously to see the entire current waveform. A total of eight bearings are run from start-to-failure: five bearings contain data from all three sensors and the other three only contain vibration data. This paper only uses the five bearings with both current and vibration data.
B. Feature Extraction 1) Bearing Vibration Features:
At the beginning of the run, the amplitude of the vibrations is at its smallest point. At the end of the run, when the bearing starts to fail, the amplitude of the vibrations increases exponentially (see Fig. 5 ). Some common features extracted from bearing vibration data to capture trends are statistical moments, such as variance, from the time domain and root mean square (rms) frequency from the frequency domain [28] - [31] . In this paper, the rms frequency feature is chosen, given by where n is the number of frequency samples and X f f t,i is the ith sample of the Fourier transform of the vibration signal.
C. Detection and Tracking of EDM Currents
In these experiments, the bearings are found to be mostly in the ohmic state, in which the bearing current follows the same behavior as the bearing shaft voltage. Fig. 6(a) shows a normal current sample without any discharge events. In Fig. 6(c) , a closeup plot of the normal bearing current is shown and it can be seen that the trend is pulse-like resembling the shaft voltage. As the bearing degrades, it begins switching between the three electrical states: ohmic, capacitive, and discharge. In Fig. 6(b) , a current sample for the same bearing at a later time is shown. In this time period, a spike occurs indicating a discharge event.
As shown in Fig. 6(d) , the current starts in the ohmic state, transitions into a capacitive state, and finally discharges and goes back into an ohmic state. The tracking of these discharge events is important for determining the health state of a bearing. Large influxes of bearing discharge events in a short period of time produce significant, irreversible damage to a bearing, thus, failure is accelerated.
In this paper, a wavelet-decomposition-based method is used to detect these discharge events from the raw current samples. First, Haar wavelet decomposition is conducted on each current sample with eight levels of decomposition. The Haar wavelet is chosen because it closely resembles the square-wave nature of the bearing current data and it is ideal for detecting discontinuities. In the wavelet domain, each discharge event (shown in Fig. 7 ) can be observed in the signal reconstructed in the subspace spanned by the level 8 wavelet functions given by
where N is the length of the signal, d 8,k are the level 8 wavelet coefficients, and ψ is the wavelet function, which in this case is the Haar wavelet. This reconstruction or projection to this subspace yields a significant peak at the time of the current discharge event. Conversely, a current sample with no discharge events shows no significant peaks (shown in Fig. 8 ). To determine whether a breakdown occurred, a threshold T = μ(D8) + 4σ(D8) is chosen, where D8 = [D8(1) D8 (2) . . . D8(N )] is a vector of projected signal samples in this subspace, μ is the mean, and σ is the standard deviation. Each instance where the reconstructed signal crosses this threshold, T is categorized as a bearing discharge event
These discharge events are then tracked over time and a cumulative sum (shown in the top three plots of Fig. 11 for bearings 1, 2, and 3, 4, and 5, respectively) is obtained as TotalDischarges(t) = k ≤t Discharge Event(k), where t is the time variable. At the beginning of the run, the occurrence of discharge events is few. For bearing 1, for the first 3 days, there are only 0.5 discharge events per minute. At some point during the run, the number of discharge events per minute increases significantly, which causes irreversible damage to the bearing leading to failure. For bearing 1, this damaging period incurs 400 discharge events per minute, occurring around day 10. Directly after this point, the bearing reaches its final stage. After the critical period in the discharge event profile, the amplitude of the vibrations starts to exponentially increase (shown in the second column of Fig. 11) .
In order to determine when a current discharge influx has occurred, a history of m minutes of discharge events is built. m is chosen such that it is large enough to acquire a significant amount of history for training, yet small enough to capture changes in the data. Next, the cumulative number of discharges is tracked across time. For each time point after the first m time points, a line of the form a + bt is fit over the last m minutes of the current discharge events and the normalized mean square error (NMSE) between the fitted line and the actual data points is computed. This NMSE is tracked over time. Once this NMSE crosses a threshold, the event flag is triggered, and the current discharge influx point is located. The threshold is set to 8e −14 to capture occurrences of high discharge influxes (more than 100 discharge events per minute).
D. RUL Prediction via EKF
The RUL is calculated based on the framework presented in [27] with a different realization of the EKF based on a continuous-time state equation [32] . First, curve fitting is used on the training data to extract a suitable degradation, or observation, model h. For the rms frequency feature, the best fit is an exponential function of the form ae bt . The rms frequency feature for each bearing is shown in Fig. 9 
In order to predict the RUL of the bearings, a failure threshold,
, where γ i is the value of each individual training set at failure and K is the number of training datasets, is defined. In this paper, K is equal to 3, and determined using the datasets that only contain vibration data. Second, the EKF is initialized and the prediction step is run repeatedly until the value of ae bt reaches the failure thresholdγ. The time to reach the threshold is taken as the RUL. Finally, the EKF parameters are updated with each new measurement point and RUL estimation based onγ is continued.
In this paper, an update to this framework is proposed by using information from the current discharge events. As it is shown in [27] , the RUL estimations using the EKF provided more accurate results when the bearing vibrations followed an exponential growth, which happens closer to failure. Before this time, RUL estimations can be highly inaccurate. This paper proposes to use the event of a sharp increase of bearing discharge events in a short period of time as an indicator to start predicting RUL. There are three significant reasons why starting RUL estimations from this point is beneficial. First, bearing vibrations of a healthy bearing are usually not an accurate predictor of failure at the beginning of a run. Thus, RUL predictions based on early vibration data tend to give highly inaccurate RUL estimations [27] . Second, using vibration data for RUL estimations falls into a 20% confidence interval toward the end, and sometimes without warning. After the current discharge influx point, a significant information starts to be found in the vibration data, making all RUL estimations more accurate and meaningful. Finally, it is computationally inefficient to run RUL estimation algorithms from the beginning of a run especially if the user is not certain of the accuracy of the estimates. Starting after the current discharge influx proposes a solution to this as no computation is done before the influx.
The overview of this algorithm is as follows. The training of the EKF starts after m minutes. Next, the discharge events are tracked across time to detect the current influx event. Once this event is realized, RUL estimation based on vibrations via EKF is started.
IV. EXPERIMENTAL RESULTS
A. Temperature Analysis
Bearing temperature did not provide any significant information about the state of the bearings. There are no significant changes in the temperature for the duration of the run for any bearing. The temperature signal exhibited a slight and steady decrease over the course of the run as shown in Fig. 10 . Since this trend is not clear, temperature data are not used in further analysis. One reason for this decrease might be due to noise generated in the thermocouple readings from the high-frequency switching across the bearing shaft. However, the EDM events would not have caused a significant rise in temperature, as the energy of these events is dissipated in the entire bearing [14] .
B. Comparison With Conventional Vibration Analysis
In this section, we compare conventional vibration analysis to the proposed methodology. From the analysis of the sensor signals, a clear relationship is seen between the current and the vibrations. It has already been reasoned that a large amount of current discharges in a short period of time causes irreplaceable damage to bearings [10] . As stated before, the number of discharges slowly increases during the beginning stages of failure. When the number of discharges increases rapidly, the vibrations begin their exponential growth and the bearing is forced into failure (shown in Fig. 11 for all five test bearings).
In comparison, Fig. 12 illustrates the bearing characteristic frequencies across time for each bearing. It can be seen that there are no significant changes in the magnitude of the frequency spectrum for the majority of the extracted features until the bearing nears failure. The signals show little variation until after the number of discharges rapidly increases. In bearings 2 and 3, there is some initial information in the fundamental cage frequencies (fco and fci) at the beginning of the run, but this is too early to use as an indicator. After this initial abrupt change, these signals in both bearings reach a steady state until near failure. Furthermore, there is no monotonic trend across all bearings that can be exploited for a warning indicator or for RUL estimation purposes. This shows again that the influx of current discharges in a short period of time precedes the vibration growth, thus, providing more useful information. Using these findings, this influx of current event can be used to provide an early indication for the RUL and imminent failure of a bearing.
C. Event-Triggered RUL Estimations Using Current Discharge Influx
In the algorithm proposed in Section III-D, the first step is to detect the influx event. It is shown in Fig. 13 that the algorithm is able to capture the influx of current discharges, which signifies an impending failure. In this section, the accuracy of the RUL estimates for the traditional and proposed EKF training method is compared with each other. The traditional method starts RUL estimation at the beginning of the run, whereas the proposed method uses the influx event as a cue to start RUL estimation. These comparisons are quantified through both mean absolute error (MAE) of the RUL estimates and the percentage of estimates that fall within a 20% confidence interval of the true RUL value. For both bearings shown in Fig. 14 , the RUL estimates of the proposed method fall more frequently within the 20% confidence intervals compared with the traditional method. To quantify this, the percentage of RUL estimates that fall within the 20% confidence intervals after the current influx point is calculated for both cases. These results are shown in Table II . For every bearing, the percentage of RUL estimates within the 20% confidence intervals is higher for the proposed method.
Also shown in this table are the MAE between the estimated and true RULs. For the traditional method, there is more error between the estimated and true RULs due to the lack of useful variations in vibration data at the beginning of operation. Since there is little accuracy during this time period, this approach is computationally inefficient. However, the RUL estimations starting from the beginning show greater accuracy after the influx point and the MAE across all bearings reduces (shown in column 3 of Table II ). This corresponds to the presence of more significant information found in the vibration data after this influx point. For the proposed method, the MAE between the true and estimated RUL is the smallest across all bearings (shown in column 4 of Table II) , thus, providing the highest accuracy while decreasing computational time.
V. CONCLUSION
In this paper, bearing failure and its relation to bearing current flow is investigated through a novel test bed and a computational approach. A new test bed that allows the accelerated degradation of bearings due to an electrical stress placed on the bearings via shaft voltage is presented. Over the course of the experiment, temperature, vibration, and current data are collected. The temperature data did not provide any useful information related to the state of bearing failure. However, a distinct relationship is observed between the number of current discharge events and the energy of the vibrations over time. The bearing enters failure state directly after an influx of bearing discharge events. It is shown that tracking the number of discharge events over time can provide an early warning detection that is not available through tracking the bearing characteristic frequencies in vibration analysis. This is because bearing currents cause an increase in bearing vibration and eventually failure. An improved RUL estimation algorithm is proposed using this surge of bearing discharge event as a cue to start estimating the RUL of a bearing. This new RUL estimation algorithm provides more accurate results and requires less computation time compared with RUL estimation starting from the beginning of a bearing's life. This paper also provides some insight into the hidden health states of a bearing by relating the cumulative discharges with bearing vibrations.
To build sufficient collection of historical data for bearing fault prognosis, additional tests are needed. The additional cumulative effects of radial and axial loads should also be investigated to provide a complete picture of all the components that attribute to bearing failure. Future work also entails detecting bearing currents indirectly, using either an RF system or bearing current estimation techniques from measured bearing voltage. This would provide a way for practically implementable RUL estimation of bearing faults in industry, preventing system downtime or motor failure due to bearing failure.
